Using satellite-derived normalized difference vegetation index (NDVI) data, several previous studies have indicated that vegetation growth significantly increased in most areas of China during the period 1982-99. In this letter, we extended the study period to 2010. We found that at the national scale the growing season (April-October) NDVI significantly increased by 0.0007 yr Regarding the spatial pattern of changes in NDVI, the growing season NDVI increased (over 0.0020 yr −1 ) from 1982 to 2010 in southern China, while its change was close to zero in northern China, as a result of a significant changing trend reversal that occurred in the 1990s and early 2000s. In northern China, the growing season NDVI significantly increased before the 1990s as a result of warming and enhanced precipitation, but decreased after the 1990s due to drought stress strengthened by warming and reduced precipitation. Our results also show that the responses of vegetation growth to climate change vary across different seasons and ecosystems.
Introduction
Vegetation growth is strongly influenced by climate change (e.g. Myneni et al 1997 , Zhou et al 2001 , Goetz et al 2005 , Piao et al 2010 . Using satellite-derived normalized difference vegetation index (NDVI) datasets, previous studies have found that vegetation growth significantly increased in most areas of China during the period 1982-99 and that the increased vegetation growth was significantly correlated with increased temperature (e.g. Zhou et al 2001 , Piao et al 2003 . The increased temperature boosted vegetation growth through an increase in growing season length and enhanced photosynthesis (e.g. Zhou et al 2001 , Slayback et al 2003 , Piao et al 2006a .
However, recent studies have raised a question on whether the increasing trend in China's vegetation activity will persist in the 21st century given possible changes in the climate drivers (e.g. Hansen et al 2010 , Piao et al 2010 . Several recent studies have suggested a decline in vegetation growth due to the widespread drought since the mid or late 1990s across the northern hemisphere, including some parts of China (e.g. Angert et al 2005, Goetz et al 2005 , Park and Sohn 2010 , Zhang et al 2010 , Zhao and Running 2010 , Jeong et al 2011 , but the linkage between climate change and vegetation growth in China has not been adequately quantified because these studies focused mainly on vegetation responses to climate change at a continental scale. For example, most of the previous studies (except Goetz et al 2005) did not investigate whether the changes in vegetation growth differed among different vegetation types. Furthermore, most of these studies were based on coarse resolution climate data, and fine scale regional ground observations have not been adequately incorporated in such studies. This suggests that a more thorough regional investigation is needed to better understand how China's vegetation activities have responded to recent changes in climates. Therefore, the first goal of this letter is to determine whether the general increase in vegetation activity over China has persisted in the new century, or whether there is a turning point beyond which the trend in vegetation activity has stalled or even reversed.
Besides the pronounced general trends in climate change, remarkable variations in seasonal trends and spatial patterns were also detected in China (Piao et al 2010) . For example, during the past five decades, the most prominent warming trend is found in northern China (including northeastern China and Inner Mongolia) where water is limited, which, along with the concurrent decrease in precipitation, may enhance evapotranspiration and strengthen the drought stress already imposed in this region. By contrast, southern China has experienced a moderate increase in both temperature and precipitation. Seasonal variations in climate trend are also pronounced. For instance, from 1961 to 2006, spring temperature increased at a rate of 0.2 • C per decade, which is twice the rate of summer temperature increase (0.1 • C per decade) (Ding et al 2007 , Piao et al 2010 . The distinct temporal and spatial variations in climate may result in a strong temporal and spatial pattern of vegetation activity considering the well-recognized association between vegetation growth and climate (Zhou et al 2001 , 2003 , Angert et al 2005 . Previous studies suggested that vegetation growth in China increased faster in spring (0.0018 yr −1 ) than in summer (0.0012 yr −1 ) and autumn (0.0009 yr −1 ) from 1982 to 1999 (Piao et al 2003) , but no efforts have been made to investigate the sensitivity of vegetation growth to climate change for different seasons. Hence, our next goal is to understand how the trends in vegetation growth vary across different seasons and regions and what the controls are behind these observed variations.
Datasets and methods

Datasets
Normalized difference vegetation index (NDVI) is a vegetation index to measure vegetation greenness and is proven to be positively correlated with productivity (Myneni et al 1997, Bunn and Goetz 2006) . In this study, we used the NOAA/AVHRR NDVI composites at a spatial resolution of 0.083 • and 15 day interval produced by the Global Inventory Modeling and Mapping Studies (GIMMS) for the period 1982-2010 to explore vegetation activity. The GIMMS NDVI datasets have been corrected to minimize the effects of volcanic eruptions, solar angle and sensor errors and shifts and thus can be used to evaluate the long-term trends in vegetation activity (Zhou et al 2001 , Slayback et al 2003 . They were also proved to be one of the best products to depict the temporal change of vegetation growth (Beck et al 2011) . To reduce the noise (e.g. cloud cover) in the NDVI data, we derived monthly NDVI from two images for each month using the maximum value composite (MVC) method (Holben 1986) . Pixels with average annual NDVI less than 0.05 were considered as non-vegetated areas and thus removed in this study.
Our analysis was confined to the growing season, which was defined as from April to October to be consistent within the whole country (Zhou et al 2001 . It should be noted that the actual growing season may be different from that defined in this study. For instance, it is usually longer than our definition for subtropical southern China. The spatial pattern of average NDVI from April to October is shown in figure S1 (available at stacks.iop.org/ERL/6/044027/ mmedia). To further understand the seasonal contributions, we divided the growing season into three seasons: April and May (AM), June, July and August (JJA) and September and October (SO), and calculated average monthly composite NDVI for each season (Zhou et al 2001) .
Monthly surface air temperature and precipitation at a spatial resolution of 0.1 • were generated using a kriging interpolation algorithm from daily temperature and precipitation records from 728 meteorological stations across China (National Meteorological Information Center of China Meteorological Administration, www.nmic.gov.cn, Piao et al 2003 , Ding et al 2007 . Using a nearest neighbor resampling method, we resampled the monthly surface air temperature and precipitation to a spatial resolution of 0.083 • to be Figure 1 . Vegetation map of China. EBF, DBF, MF, ENF, DNF and AMT stand for evergreen broadleaf forests, deciduous broadleaf forests, broadleaf and needleleaf mixed forests, evergreen needleleaf forests, deciduous needleleaf forests and alpine meadows and tundra, respectively. consistent with the NDVI dataset. The spatial patterns of average growing season temperature and precipitation from 1982 to 2010 are shown in figure S1 (available at stacks.iop. org/ERL/6/044027/mmedia).
The spatial distribution of vegetation was obtained from a digitized vegetation map of China at a scale of 1:1000 000 (Editorial Editorial Board of Vegetation Map of China 2001). Ten vegetation types were recognized, i.e., evergreen broadleaf forests (EBF), deciduous broadleaf forests (DBF), broadleaf and needleleaf mixed forests (MF), evergreen needleleaf forests (ENF), deciduous needleleaf forests (DNF), shrubland, desert, grassland, alpine meadows and tundra (AMT), and cropland. Figure 1 shows the spatial distribution of the 10 vegetation types in China with a spatial resolution of 0.083 • . In addition, we divided the whole country into nine regions for convenience of description (figure 1).
Analyses
To detect whether the increasing trend of China's vegetation activity has significantly changed, we fitted and compared two regression models. The first one (equation (1)) assumes only one trend (β1) over the entire study period, and the second one (equation (2)) is a piecewise regression model (Toms and Lesperance 2003) that assumes a significant change in the trend of NDVI time-series data (e.g. Wang et al 2011 .
where y is the growing season NDVI or NDVI for each season, t is the year, α is the turning point (TP) of the NDVI time-series, β 0 , β 1 , and β 2 are regression coefficients (β 0 : intercept; β 1 : magnitude of NDVI trend before the TP; β 1 +β 2 : magnitude of NDVI trend after the TP), and ε is the residual random error. We fitted the models to the NDVI time-series data using the maximum likelihood (least-squares error) method and evaluated them with the Akaike information criterion (AIC)
where RSS is the residual sum of squares for the estimated model, k is the number of parameters, and n is the sample size. We defined δAIC = AIC2 − AIC1, where AIC1 and AIC2 are the AIC values of model 1 and model 2, respectively. It is a rule of thumb that one model is significantly preferred over the alternatives if its AIC value is reduced by more than 2 (Burnham and Anderson 2002). Therefore δAIC < −2 favors model 2 (piecewise regression model), and δAIC > 2 favors model 1 (linear regression model).
In addition, we also calculated the trends in temperature and precipitation over the entire period, and the trends before and after the turning point of the NDVI if a significant NDVI trend change had been proven with the AIC method. To investigate the potential climatic drivers of NDVI trends, we further calculated Pearson correlation coefficients between the NDVI and climatic factors (temperature and precipitation). The same analyses were performed at both the national scale and the biome scale.
Results and discussion
3.1. Change in NDVI at the national scale and its association with climate change 3.1.1. Growing season NDVI.
At the national scale, for the average growing season NDVI, the linear regression model (model 1) predicts a significant increasing trend of 0.0007 yr −1 from 1982 to 2010 (R 2 = 0.40, P < 0.001), while fitting the piecewise regression model shows a trend change from a significant increase of 0.0029 yr −1 (R 2 = 0.69, P = 0.006) before 1990 to a stalled trend of 0.0004 yr −1 (R 2 = 0.07, P = 0.238) after 1990 (figure 2(a)). However, the information criterion of the piecewise regression model is larger than that of the linear regression model (δAIC = AIC2 − AIC1 = 1.3, table 1), indicating that the improving likelihood in the piecewise regression model with more parameters could not compensate for the increased complexity in comparison to the simple linear regression model. Hence, unlike most regions of Eurasia and North America where the increasing trend of growing season NDVI has been reversed or stalled since the late 1990s , there is no compelling evidence to reject the hypothesis that China's growing season vegetation activity has kept increasing.
National average growing season NDVI is positively correlated with temperature (r = 0.56, P = 0.002) but not with precipitation (r = 0.12, P = 0.526) (figure 2(a)). Temperature increased by 0.045 • C yr −1 from 1982 to 2010 (R 2 = 0.69, P < 0.001). Meanwhile, growing season precipitation did not change much from 1982 to 2010 (−0.19 mm yr −1 , R 2 = 0.00, P = 0.766). Therefore, the overall increase in growing season NDVI over the entire study period may be due to the increase in temperature.
NDVI changes in different seasons.
When looking into the patterns of the AM, JJA and SO seasons (table 1, figures 2(b)-(d)), we only found a significant change in the JJA NDVI trend for which the piecewise regression model (model 2) described the NDVI trend better than the linear regression model (model 1) (δAIC = −2.9). Fitting the piecewise regression model for the JJA NDVI, we found a significant turning point of the JJA NDVI in 1988 (P = 0.008). Before 1988, the JJA NDVI significantly increased by 0.0039 yr −1 (R 2 = 0.56, P = 0.050), while it slightly decreased by −0.0002 yr −1 (R 2 = 0.03, P = 0.416) after 1988 (figure 2(c)). Changes in the AM and SO NDVIs are better described with the linear regression model (δAIC = 3.1 and 3.6, respectively), and they increased at rates of 0.0013 yr −1 and 0.0008 yr −1 , respectively, over the period of 1982-2010 (figures 2(b), (d); R 2 = 0.41, P < 0.001 for AM NDVI; R 2 = 0.25, P = 0.006 for SO NDVI). The NDVIs for AM and SO are significantly and positively correlated with temperature (r = 0.62, P < 0.001 for AM and r = 0.41, P = 0.027 for SO) but not with precipitation (r = 0.13, P = 0.504 for AM and r = −0.19, P = 0.316 for SO), implying that vegetation growth is sensitive to temperature at the beginning and the end of the growing season (Richardson et al 2010) . In addition, the rate of increase of the AM NDVI is almost twice that of the SO NDVI (figures 2(b) and (d)), despite similar magnitude of temperature change (0.045 • C yr −1 , R 2 = 0.41, P < 0.001 for AM, and 0.047 • C yr −1 , R 2 = 0.42, P < 0.001 for SO). Hence, the sensitivity of the AM NDVI to temperature (0.018 • C −1 ) is twice that of the SO NDVI (0.009 • C −1 ). This significant difference in temperature sensitivity could be caused by the more favorable factors for vegetation growth, such as solar radiation, leaf nutrient contents, and soil water, among many others, in spring than in autumn (Suni et al 2003 , Niu et al 2011 . For example, Suni et al (2003) showed that vegetation growth is limited by light in autumn while solar radiation is generally not a limiting factor during the onset of vegetation growth in spring (Tanja et al 2003 , Richardson et al 2010 .
The NDVI for JJA is not statistically correlated with either temperature or precipitation (R = 0.27, P = 0.158 for temperature and R = 0.23, P = 0.230 for precipitation). In JJA, vegetation reaches peak greenness and fluctuation in temperature and precipitation has little impact on it, with the exception of severe drought suppression which is very rare in east China. Since the trend of JJA NDVI changed from increasing to decreasing in 1988, we also calculated the JJA temperature and precipitation trend before and after 1988. The temperature of JJA increased marginally (0.066
= 0.38, P = 0.138) from 1982 to 1988, and continued to increase significantly after 1988 (0.044 • C yr −1 , R 2 = 0.45, P < 0.001). For the precipitation of JJA, the trends before 1988 (0.27 mm yr −1 , R 2 = 0.00, P = 0.903) and after 1988 (−0.31 mm yr −1 , R 2 = 0.01, P = 0.677) are both insignificant.
3.2. Spatial patterns of changes in NDVI and climate drivers 3.2.1. Growing season NDVI.
The patterns of growing season NDVI changes are found to be spatially heterogeneous (figure 3). Comparison of statistical models indicates that the piecewise regression model works better in part of Inner Mongolia and Northeast China ( figure 3(f) ). In most of these regions, growing season NDVI first increased from 1982 to the 1990s, then stalled or decreased after the 1990s (figure S2 available at stacks.iop.org/ERL/6/044027/mmedia). As a result, for these regions, the overall growing season NDVI trend is insignificant and falls in the range −0.001 to 0.001 yr −1 during 1982-2010 ( figure 3(a) ). For some other regions such as central and south China, the linear regression model with a single trend in growing season NDVI changes is more appropriate, and the growing season NDVI change is usually higher than 0.002 yr −1 ( figure 3(a) ). Overall, from 1982 to 2010, growing season NDVI increased over 73% of China's land, and the trend is significant (P < 0.05) in 33% of the study area.
Figures 3 (d) and (e) show the spatial patterns of correlation coefficients between growing season NDVI and growing season temperature and precipitation from 1982 to 2010. Growing season NDVI is significantly correlated with growing season temperature in the central, east and some parts of northeast China ( figure 3(d) ), while in the arid and semi-arid regions such as east of Inner Mongolia, the inter-annual variation of growing season NDVI is more correlated with precipitation ( figure 3(e) ). The continuous increase in NDVI over southern China is consistent with the results from forest inventory (Pan et al 2011) . Plot level forest inventory analysis (McMahon et al 2010) and a meta-data analysis of warming experiments from global forest and grassland sites (Lin et al 2010) suggested that warming could enhance forest vegetation growth. Hence, in southern China where precipitation is not a limitation for vegetation growth the increase in temperature could benefit vegetation growth.
Seasonal NDVI.
Seasonal NDVI changes also show strong spatial heterogeneity, particularly the contrasts between northern and southern China (figures 4-6). Most of central and southern China showed a continuous increase in vegetation activity, especially in AM (figures 4(a), 5(a) and 6(a)). Yet in northern China the linear regression trend of seasonal NDVI changes across 1982-2010 is insignificant for all the three seasons, as a result of the NDVI trend reversal in the 1990s which can be better described with the piecewise regression model (figures 4(f), 5(f) and 6(f)). In addition, the NDVI trend changes for different seasons could be different in spatial patterns as well. For example, in eastern Inner Mongolia, the decline of JJA NDVI (figure 5(j)) after the turning point is more remarkable than that of AM or SO NDVI, whereas in northeast China, the decrease in AM NDVI (figure 4(j)) after the turning point seems to be the most prominent. Overall, from 1982 to 2010, increasing seasonal NDVI was found in 69%, 57% and 68% of China's land area for the AM, JJA and SO seasons, respectively (significant increase in 32%, 15% and 24% of the pixels, respectively), and the magnitude of the increased trend in the AM NDVI is larger than those of the JJA and SO NDVIs (figures 4(a), 5(a) and 6(a)).
This spatial variation in seasonal NDVI changes is closely linked with climate factors. The NDVI of AM is positively correlated with AM temperature in most of the study area (74% of the pixels), and significant positive correlation (P < 0.05) is observed in 28% of the pixels, mostly in central, east, north and northeast China as well as the Qinghai-Tibet Plateau ( figure 4(d) ). Spring warming could not only trigger an earlier onset of the growing season, but also stimulate photosynthetic rates, both of which enhance spring vegetation activity (Tanja et al 2003 , Richardson et al 2010 . Thus, the increase in AM NDVI in central, east and south China of over 0.005 yr −1 can be partly explained by the significant increase in spring temperature (>0.02 • C yr −1 ) in these regions where the precipitation is also plentiful (figures 4(a), (b) and (d)) (Piao et al 2010) .
In contrast, without a concurrent increase in precipitation, warming in JJA may expedite evapotranspiration, increasing the JJA drought stress and thus inhibiting vegetation growth, especially in water-limited ecosystems (e.g. Angert et al 2005, Lotsch et al 2005 , Bunn and Goetz 2006 , Zhang et al 2008 . Significantly positive correlations between NDVI and precipitation are found in more pixels for JJA (10%) than for AM (6%) and SO (3%). These pixels are mainly distributed in the arid and semi-arid regions of Inner Mongolia where JJA vegetation growth is primarily controlled by precipitation ( figure 5(e) ). In addition, the spatial patterns of trends in JJA NDVI match well with those in JJA precipitation both before and after the turning point of the JJA NDVI trend over these arid and semi-arid regions, especially in the east part of Inner For the SO season, temperature significantly and positively correlated with SO NDVI in Qinghai-Tibet and central China (9% of our study area), while precipitation significantly and positively correlated with SO NDVI in northeast Inner Mongolia and north China (3% of our study area) (figures 6(d) and (e)). These climate driven patterns confirm that increased temperature in SO could enhance vegetation growth in cold regions and drought in arid and semi-arid regions could inhibit vegetation growth in SO (Piao et al 2006b , Suni et al 2003 , Wan et al 2009 .
Changes in NDVI over different ecosystems and their climate drivers
The changes in NDVI as a response to climate change are also different across different ecosystem types (figures 4-6). Table 2 shows the results of both linear and piecewise regression on growing season NDVI for each ecosystem type. NDVI changes and their climate drivers share some similar patterns across most vegetation types to the general patterns described in the previous sections. We singled out those vegetation types showing different trends, while re-emphasizing the observed general pattern at the ecosystem level.
The growing season NDVI increased in all ecosystems except desert during 1982-2010. For the desert ecosystem, a significant turning point of the growing season NDVI is found in 1993 (table 2) . Growing season NDVI significantly increased before 1993, but decreased after then (table 2) . Growing season temperature significantly increased from 1982 to 2010 in all ecosystems except for desert, and NDVI in growing season is positively correlated with temperature in all ecosystems. In particular, this correlation is significant (P < 0.05) in EBF, ENF, DNF, shrubland, grassland, AMT and cropland ecosystems (table 2). In desert ecosystems, the reversal in growing season NDVI trend could Table 2 . Mean annual temperature (MAT, be a result of simultaneously reversed precipitation change and continuously increased temperature (table 2) , which is consistent with previous studies (Piao et al 2005 , Zhang et al 2010 , Jeong et al 2011 . Table 3 summarizes the changes in seasonal NDVI and temperature and precipitation and the correlation coefficients between seasonal NDVI and temperature and precipitation in the concurrent seasons. For most vegetation types, both the AM and SO NDVIs significantly increased, while the JJA NDVI shows little trend from 1982 to 2010. This is in consistency with the findings at the national scale. For the JJA NDVI, significant trend change was found in DBF, desert, grassland, AMT and cropland ecosystems, but the piecewise regression model is only favored in cropland ecosystems (δAIC = −3.4).
The NDVI of AM is significantly correlated with the AM temperature in most ecosystems (table 3), suggesting that increase in AM temperature could enhance vegetation growth in AM for most vegetation types (e.g. (Piao et al 2006a , Richardson et al 2010 ). The NDVI of JJA is mostly controlled by the JJA precipitation for most vegetation types. The reversed JJA NDVI trend for desert, grassland, AMT and cropland ecosystems (table 3) could be due to drought stress resulting from decreased precipitation but increased temperature after the turning point. The critical control by precipitation for the JJA NDVI is particularly obvious in grassland ecosystems (R = 0.52, P = 0.004), which is consistent with the observation in Eurasia that decrease in JJA precipitation along with increase in JJA temperature after the 1990s inhibited the vegetation growth in arid and semi-arid regions (Park and Sohn 2010, Piao et al 2011) . A warming experiment in the semi-arid grassland ecosystem in Inner Mongolia suggested that daytime warming could inhibit vegetation growth because of the warming induced drought stress (Wan et al 2009) . The NDVI of SO is positively but marginally correlated with the SO temperature in most ecosystems except for DNF and desert ecosystems, suggesting that increase in SO temperature could enhance vegetation growth owing to the prolonged growing season (Churkina et al 2005 , Piao et al 2006a .
Conclusions and future directions
In this study, by using both linear and piecewise regression models, we show that the growing season NDVI increased in central and southern China from 1982 to 2010, while in northern China (i.e. Inner Mongolia, northwest and northeast China) a significant change in growing season NDVI trend occurred in the 1990s and early 2000s. The increase in growing season NDVI before the 1990s may result from the warming trend and more precipitation during the period from 1982 to the mid 1990s, which enhanced vegetation growth (Piao et al 2003 , while the decrease in the growing season NDVI after the 1990s or early 2000s, especially over the arid and semi-arid regions in northern China, can be attributed to drought stress strengthened by warming and less precipitation ( China is projected to experience an increase in temperature of 1-5 • C and an accompanying increase in summer precipitation of 7 ± 7% over the next century (Piao et al 2010) . An understanding of the vegetation response to the projected future climate change provides a vital scientific base for China's environmental and climate change policies. Our study suggests that the enhanced vegetation growth in the 1980s and 1990s may not persist, especially in the arid and semi-arid ecosystems, owing to drought stress, which could reduce the carbon uptake by vegetation (Angert et al 2005, Zhao and Running 2010) . However, the responses of vegetation growth to climate changes are nonlinear and also involve complicated interactions among different climate factors (Zhang et al 2010 . Long-term in situ and satellite observations of vegetation growth and climate change as well as ecosystem modeling studies are urgently needed. Furthermore, apart from climate change, recovery from disturbance, land use/cover change, rising CO 2 concentration and nitrogen deposition also contribute to changes in vegetation growth (Piao et al 2009 , Tian et al 2011 , Beck and Goetz 2011 . It is nearly impossible to predict the future vegetation growth and carbon sinks without a mechanistic terrestrial ecosystem processes model integrating all the main factors such as climate change, rising CO 2 concentration, nitrogen deposition, ozone pollution and aerosols.
